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Abstract— We studied the effects of muscle fatigue on the
Autonomic Nervous System (ANS) dynamics. Specifically, we
monitored the electrodermal activity (EDA) on 32 healthy
subjects performing isometric biceps contraction. As assessed
by means of an electromyography (EMG) analysis, 15 subjects
showed muscle fatigue and 17 did not.
EDA signals were analyzed using the recently proposed
cvxEDA model in order to decompose them into their phasic
and tonic components and extract effective features to study
ANS dynamics. A statistical comparison between the two groups
of subjects was performed. Results revealed that relevant phasic
EDA features significantly increased in the fatigued group.
Moreover, a pattern recognition system was applied to the EDA
dataset in order to automatically discriminate between fatigued
and non-fatigued subjects. The proposed leave-one-subject-out
KNN classifier showed an accuracy of 75.69%. These results
suggest the use of EDA as correlate of muscle fatigue, providing
integrative information to the standard indices extracted from
the EMG signals.
I. INTRODUCTION
Fatigue is a complex and widely used term, which can
be related to both physiological and psychological states of
a human [1], [2]. Muscle fatigue is defined as any exercise-
induced reduction in the ability of a muscle to generate force
or power [3]. Indeed, it is not the point of task failure or the
moment when the muscles become exhausted [4]. Rather,
muscle fatigue is a decrease in the maximal force or power
produced by muscle, and it gradually develops as soon as
the sustained physical activity begins.
Muscle fatigue can depend upon many central and periph-
eral phenomena such as a motor deficit, a perception or
a decline in mental function, or a gradual decrease in the
force capacity of muscle [4]. All these phenomena involve
different physiological mechanisms. Accordingly, there is
no single cause of muscle fatigue [5], rather it involves
multiple physiological, electrical and emotional processes.
Several indices of muscular fatigue have been proposed in
the literature. Particularly, the analysis in the time-frequency
domain of the surface electromyography (sEMG) is a simple
but reliable method to estimate the muscular fatigue in
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different fields of study and is considered a robust alternative
to the gold standard approach of the intramuscular EMG.
[6]–[8].
Several studies have shown that during voluntary muscle
contractions the autonomic nervous system (ANS) is acti-
vated and modulated by two different mechanisms of neural
control [9], [10]. More specifically, both the sympathetic and
parasympathetic branches of the ANS are modulated by the
brain activity within the brainstem, also called central com-
mand [9], [11], [12], and reflex activity primarily involving
inputs from chemo-, mechano- and baroreceptor afferents
[13], [14]. The effects of ANS activation are evident on
the heart-rate variability, respiration rate and blood pressure
responses to exercise and fatigue [15], [16], [16]–[18]. An
increasing heart rate, as well as oxygen uptake, has been
observed during prolonged exercises. Prior art reports also a
strong correlation between ANS and electrodermal activity
(EDA) phenomena [19]–[22]. More specifically, EDA is
directly controlled by the sympathetic branch of the ANS
[23]. The EDA is a widely used physiological signal that
reflects the output of integrated attentional and affective
and motivational processes. EDA is used as a biomarker of
individual characteristics of emotional responsiveness [23]–
[26], as an index for direct examination of stress-related
effects and mental fatigue. Contrary to the intramuscular
EMG, EDA is not invasive and also much easier to be
acquired through superficial electrode.
However, to our knowledge it has not been studied yet as
a correlate of muscle fatigue induced by physical exercise.
Therefore, the aim of this study is to examine whether
parameters extracted from the EDA during isometric exercise
inducing muscular fatigue might be able to statistically
discriminate a group of fatigued subjects from a group of
control subjects. Moreover, we propose a pattern recognition
system able to automatically discriminate muscular fatigue
using features extracted exclusively from the EDA signals.
II. METHODS
A. Subject Recruitment and Experimental protocol
Thirty-two subjects, aged 29.25 ± 3.38 (16 males), signed
an informed consent to take part in the study. All the subjects
were right-handers and did not report any physical or mental
disease.
We designed an experiment in order to monitor EDA
during a muscle fatigue task. The experimental protocol
(Fig. 1) was divided into three stages. In the first stage,
subjects were asked to maximally contract the biceps of
the right arm holding a dynamometer in order to measure
their maximum voluntary isometric contraction (MVC) [5],
Fig. 1. Experimental protocol scheme
[27]. We performed three MVC measures and computed their
average. Electrodermal sensors were placed on the distal
phalanxes of the index and middle fingers of the left hand.
Likewise, the surface EMG electrodes were positioned on
the right biceps.
The second stage consisted of a 5-minute resting phase,
during which subject relaxed and the EDA and sEMG started
to be recorded.
In the third session, a load equal to 40% of MVC was
connected to the right wrist of the subject. Then, each subject
was asked to perform an isometric exercise lifting the arm
to a horizontal position and maintaining it until it became
impossible to maintain the horizontal position. During the
exercise both EDA and biceps-related sEMG were recorded
using the Biopac MP150 system (with a sampling frequency
of 2 kHz).
B. sEMG Analysis
Surface EMG analysis was used as reference analysis
in order to distinguish fatigued subjects from non-fatigued
subjects [28]. EMG spectral analysis was performed using
the Discrete Fast Fourier Transform to estimate the power
spectra in a 1 s moving window, without overlap. For each
time window, we calculated the mean frequency value in
order to have the progression of the Mean Frequency (MF)
signal in time. Following the current literature, subjects
who showed a monotonic decrease of the MF signal were
considered as fatigued [28], [29].
C. EDA Processing using cvxEDA algorithm
EDA refers to change in the electrical properties of the
skin that are directly related to the eccrine sweat gland activ-
ity. The EDA is measured monitoring skin conductance (SC)
changes on specific sites of the body where the concentration
of the eccrine glands is high. More specifically, in this study
the EDA was acquired on the finger phalanxes of the non-
dominant hand.
Due to the direct control of the sweat glands activity
performed by the sympathetic branch of the ANS (and
in particular the sudomotor nerve), the EDA analysis is
considered one of the best way to monitor the sudomotor
nerve activity (SMNA) and, consequently, the ANS activity.
We can decompose the EDA signals in two components,
phasic and tonic, which differ for their time scales and their
relationships with the external stimuli [23], [30]. More in
detail, the tonic component represents the conductance level
(SCL) of the EDA signal, i.e., the slow-varying baseline
level. The phasic signal is instead a faster variation in
the EDA directly related to an external stimulus. A single
response to a stimulus is generally called skin conductance
response (SCR).
The whole EDA signal results from the sum of these
components, that provide relevant and non-redundant
information about the ANS dynamics. We extracted these
information by decomposing the EDA signal with an
approach formerly validated: the cvxEDA model [30]
(available online at:
http://www.mathworks.com/matlabcentral/fileexchange/53326-
cvxeda).
Here we briefly summarize the main methodological steps
formulating the cvxEDA model of EDA dynamics (details
can be found in [30]). The model assumes EDA as the
output of a linear time-invariant system to a sparse non-
negative driver signal. CvxEDA described the EDA signal as
a sum of three terms: a phasic component (r), a smooth tonic
component (t), and an additive independent and identically
distributed zero-average Gaussian noise term : y = r+t+.
The tonic component is modeled by the sum of an offset
term, a linear trend and a smooth signal given by means of
a cubic spline in accordance to the physiological character-
istics: t = B` + Cd. The phasic component is the result of
a convolution between a signal that represents the SMNA,
p, and an impulse response shaped like a biexponential
Bateman function [31] and modeled by an autoregressive
moving average model, A−1M .
Using an auxiliary variable q such that q = A−1 p and
r =M q. The final observation model results as
y =Mq +B`+ Cd+ . (1)
Given the EDA model (1), we aim at identifying the tonic
component (t) and the maximum a posteriori (MAP) neural
driver SMNA (p), parametrized by [q, `, d], for the observed
EDA signal (y). CvxEDA rewrites the MAP problem as a
constrained minimization QP convex problem:
minimize
1
2
‖Mq +B`+ Cd− y‖22+αδ ‖Aq‖1+
γ
2
‖`‖22
subj. to Aq ≥ 0. (2)
Where δ is the sampling time. CvxEDA finds the opti-
mal [q, `, d] and consequently the optimal tonic and phasic
components that include the prior knowledge about the
spiking sparse nature and nonnegativity of the neural signal
representing the SMNA (p) and the smoothness of the tonic
SCL.
TABLE I
LIST OF FEATURES EXTRACTED FROM PHASIC AND TONIC EDA.
Feature Description
SCRfreq frequency of significant SCR wrw
AUCphasic Area under the curve of phasic component wrw (µSs)
MaxPeak maximum amplitude of significant peaks of
SMNA signal wrw 1(µS)
MeanAMP Mean value of the SMNA signal wrw (µS)
STDphasic Standard deviation of SMNA signal wrw (µS
STDtonic Standard deviation of tonic signal wrw (µS
MeanTonic Mean value of the tonic component wrw (µS)
EDAsymp Index of sympathetic nervous system activity (µS2).
PSD of the EDA signal within the 0.045-0.25 Hz band.
wrw= within response window (i.e., 5 secs before the end of the task)
As last processing step, we extracted several features from
both the tonic and phasic signal as summarized in Table I.
In addition to the standard statistical features in the time
domain, we computed also the power spectral density (PSD)
of the EDA signal in the frequency band 0.045-0.25 Hz (i.e.
EDAsymp), which has been demonstrated to be a reliable
parameter for the assessment of the sympathetic nervous
system activity [32].
D. Statstical Analysis and Classification Procedure
Standard EDA time-domain features, as well as frequency
EDAsymp index were calculated for each subject of both
groups (i.e. fatigued and non-fatigued). We performed two
kinds of analysis: considering the whole session and only
the last 5 seconds when the effort was maximum. For every
feature, we compared values between fatigued and non-
fatigued conditions using the non-parametric Mann-Withney
U test.
In addition, we applied an automatic pattern recognition
algorithm in order to distinguish between the two groups
of subjects using EDA dynamics exclusively. The algorithm
implemented a leave-one-subject-out procedure (LOSO) ap-
plied to a KNN-based classifier. Specifically, considering N
subjects, iteratively we split the feature set in a training set,
comprised of the data of (N − 1) participants, and a test set
with the data of the remaining subject. Moreover, within the
LOSO scheme, at each iteration, we performed both a feature
selection and an optimization of the KNN parameter (i.e.,
the number of neighbors, k). More specifically, the selected
feature-set was achieved identifying among all combinations
of the 8 features, the one performing the highest recognition
accuracy within each training set (i.e., by means a further
nested LOSO).
Results of the classification procedure will be shown in
terms of confusion matrix. The diagonal of the 2× 2 matrix
represents the percentage subjects correctly classified for
each of the two classes (true positives and true negatives).
Instead, in the anti-diagonal, we showed the percentage of
the fatigued subjects that were incorrectly marked as non-
fatigued and vice versa.
III. RESULTS
Results of the sEMG time-frequency analysis demon-
strated that 15 subjects suffered from muscle fatigue. Indeed,
a monotonic decrease in time of the MF value were found.
Instead, the remaining 17 subjects did not reach the muscular
fatigue.
We then compared EDA features between the two groups.
Considering EDA signals of the whole isometric contraction
session, no statistical differences were found between the
two groups. Instead, considering only the last 5 seconds
of the isometric exercise, when muscle fatigue was more
evident, we obtained the results summarized in Fig. 2.
These statistical outcomes showed that the tonic features
did not display significant differences. Instead, three relevant
parameters of the phasic activity, i.e., the mean amplitude
and the standard deviation and the maximum SCR, were
significantly different between the two groups of subjects.
Result of the classification procedure is shown in Table
II. The EDA features extracted using the cvxEDA model
were able to recognize the two groups of subjects with an
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Fig. 2. Statistical comparison between fatigue group and non-fatigue group.
Each figure corresponds to one of the EDA features.
TABLE II
CONFUSION MATRIX OF FATIGUED VS NON-FATIGUED GROUP USING
CVXEDA FEATURES.
KNN NON-FATIGUE FATIGUE
NON-FATIGUE 86.67% 35.39%
FATIGUE 13.33% 64.71%
average accuracy of 75.69%. More specifically, the non-
fatigued group was recognized with an accuracy of 86.67%,
whereas the fatigued group with a lower accuracy of 64.71%.
IV. DISCUSSION AND CONCLUSION
In this study, we investigated ANS correlates of muscle fa-
tigue through the analysis of EDA. To this end, we monitored
32 healthy subjects (16 males) during a prolonged isometric
contraction. The participants were divided in two groups, i.e.,
fatigued and non-fatigued, according to the sEMG frequency
analysis, which is considered a reliable measurement for the
detection of muscle fatigue.
We proposed both a statistical comparison and a pattern
recognition analysis in order to distinguish the two groups
of subjects using EDA signals. In order to extract effective
features, the EDA signals was decomposed into its tonic and
phasic components using the cvxEDA model [30].
Significant differences were found when considering the
last 5 seconds of the isometric exercise. Considering the
sympathetic control of the EDA phenomena [23], [33],
this result was consistent with previous studies [27], [34],
which claimed that the inhibition of the vagal tone was the
predominant mechanism during the first part of an isometric
exercise, whereas close to the completion of the exercise
the sympathetic effector response started to prevail [27].
Accordingly, our findings showed that differences between
the two groups did not involve the tonic component but the
phasic one, which describes the fast response to external
stimuli or motor activity [35]–[37].
In addition, we proposed a classifier able to recognize
the fatigued and non-fatigued group of subjects using EDA
features with an average accuracy as high as 75.69%. Again,
this indicated the possibility of using EDA as a muscle-
fatigue correlate, alternatively to the sEMG.
In conclusion, our results suggest a strong relationships
between muscle fatigue and phasic EDA, and indicate a
significant increase of the sympathetic response in case
of muscle fatigue. EDA could be a valid alternative to
monitor the muscle fatigue, in fact, contrary to intramuscular
EMG, EDA is non invasive and easy to be acquired also
in ecological scenarios. Future works will aim to analyze
possible gender differences, and to increase the accuracy of
the pattern recognition system possibly by including features
coming from other physiological signals (e.g. HRV, which
adds the parasympathetic system information).
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